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Abstract

In this paper we introduce the concept of correlating
genetic variations in an individual’s specific genetic code
(DNA) and facial morphology. This is the first step in the
research effort to estimate facial appearance from DNA
samples, which is gaining momentum within intelligence,
law enforcement and national security communities. The
dataset for the study consisting of genetic data and 3D
facial scans (phenotype) data was obtained through the
FaceBase Consortium. The proposed approach has three
main steps: phenotype feature extraction from 3D face
images, genotype feature extraction from a DNA sample,
and genome-wide association analysis to determine genetic
variations that contribute to facial structure and appear-
ance. Results indicate that there exists significant correla-
tions between genetic information and facial structure. We
have identified 30 single nucleotide polymorphisms (SNPs),
i.e. genetic variations, that significantly contribute to facial
structure and appearance. We conclude with a preliminary
attempt at facial reconstruction from the genetic data and
emphasize on the complexity of the problem and the chal-
lenges encountered.

1. Introduction

The reduction in cost of DNA sequencing and geno-
typing technology is leading to the availability of massive
datasets of human genome sequences and human genotypes
representing genetic variations among people. This pro-
vides for the first time the potential to correlate an indi-
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vidual’s specific genetic code with susceptibility to disease,
behavior, physical appearance, and other expressed traits.
Facial morphology is affected by a combination of genetic,
environmental, and possible epigenetic factors. However,
an individual’s DNA is arguably the most significant fac-
tor in determining facial structure and appearance, which is
easily evidenced by comparing children to their parents or
examining identical twins.

Currently, DNA based recognition is the universally ac-
cepted approach for determining the identity of an indi-
vidual. However, there does not exist a single database
composed of everyone’s identity and DNA information.
In many criminal cases there exists DNA evidence but no
database sample for comparison to enable identification. In
such situations it is extremely effective to have a technol-
ogy that could predict facial structure and appearance from
the DNA samples to search for a suspect via methods such
as wanted posters or potentially using biometrics to search
facial recognition databases. The idea of predicting facial
structure and appearance from DNA samples has caught the
eye of many researchers [14} [18} [17, [12], however the sci-
ence behind it is still in it’s early stages and has not yet
shown itself to be of high enough quality for use as credible
evidence.

The primary objective of this work is to introduce the
biometrics community to the current state of genetic facial
prediction, and to show that there exists significant correla-
tions between genetic information and facial structure. The
existence of these correlations is important given that the
majority of a person’s genetic code is likely unrelated to
facial structure. This also suggests that it should be pos-
sible to develop appropriate machine learning methods to
predict either facial structure from genetic information, or
vice versa. We conclude with a preliminary attempt at fa-
cial reconstruction from the genetic data and discussion of
the results. Specifically we will emphasize the complexity
of the problem and provide insight into the current chal-
lenges and future research that will need to be performed to
improve the state of the art.

The paper is organized as follows: Prior research in cor-



relating facial appearance with genetic data is first summa-
rized in Section 2] Details of the proposed approach and
how it differs from prior and existing methods are described
in Section 3} Section [] describes the genetic and 3D face
dataset used for this study. Finally the Genome Wide As-
sociation Study (GWAS) that is performed on the dataset
and its associated results are described in Section[3 In Sec-
tion[5.1] we then present an initial study on predicting facial
structure from the identified genes that affect facial mor-
phology. The paper concludes with a brief summary and
discussion.

2. Related Work

Recent studies on facial development have started to
identify genes involved in defining facial morphology, many
of which work together in a concerted effort [[15]. The lack
of acknowledgment of these inter-dependencies is a ma-
jor failing of traditional methods for modeling facial mor-
phology, which have focused on individual characteristics
viewed in isolation, such as nose length, chin size, or cheek-
bone width [18]. While these are simple, easily defined, and
measurable characteristics, the traits themselves are almost
certainly related to each other and to multiple shared under-
lying factors. Part of the reason why the interdependent na-
ture of these features has not been closely studied is the lack
of statistical and machine learning methods that are feasible
given the large size of the genomic data sets involved. Some
minimal inter-dependency studies have been performed to
predict a person’s ethnic origin by combining faces of the
corresponding ethnicities [17]] identified through existing
genetic analysis methods. While such ethnic information
is useful, it is still limited to identifying a large population
group and not a specific individual.

3. Proposed Approach

As stated in the introduction, the objective of this work
is to identify genes associated with facial morphology. Our
proposed approach to this problem is shown in figure[T]and
explained in detail in Sections 3.1 3.2} and 5] We begin
with two inputs: 3D scans of faces (phenotype), and as-
sociated biological samples from the subjects which are se-
quenced to produce a set of genetic data (genotype). The 3D
scans are aligned with a reference face, and a comparison
between the scanned face and the reference face produces
a correspondence vector which is a mathematically-defined
representation of the facial structure. Principal component
analysis (PCA) [16] is applied to the correspondence vec-
tors resulting in a small set of scores. The PCA scores are
then compared to the genetic data using a method known
as Genome Wide Association Studies (GWAS) [23,19]. The
result is a statistically significant set of genetic variations
that are associated with facial morphology. Throughout this

work the terms genotype and phenotype will be used. Geno-
type refers to the set of genes that an individual carries,
while phenotype refers to the observable characteristics ex-
pressed by those genes.
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Figure 1: Proposed approach to finding correlations be-
tween DNA and facial structure.

3.1. Extracting 3D Facial Features: Phenotype Data

In previous work the phenotype data that was used to
represent facial morphology focused on individual features
such as nose length or eye separation. In our proposed ap-
proach we define a feature vector that captures variation
across the entire face simultaneously. We extract 3D signa-
tures known as correspondence vectors (CV) [7]] from each
subject’s face. A CV measures the distance between an in-
put face and a reference face, mapping points from a global
coordinate system to face-based coordinates. The CV trans-
forms a 3D vector (x,y,z) into a 1D vector (d), resulting
in decreased computational complexity and a simpler PCA
calculation.

The main steps in calculating correspondence vectors
are:

3.1.1 Reference Face Generation

A reference face specific to the Tanzanian dataset is created
using the procedure outlined in [7]]. It is used to establish a
canonical face-coordinate system. Initially, N 3D face scans
are randomly sampled from the dataset, where N = 94. An
initial reference consisting of 15,000 points was generated
by aligning, averaging, smoothing, and uniformly sampling
ten of the N 3D face scans. We used the Raindrop Geomagic



software package [3] for this task. The remaining 84 im-
ages are used as a training set to compute the final reference
image. Generating the final reference image is an iterative
process. In each iteration, for each image in the training
set the initial reference image is aligned with the image and
the correspondence vector is calculated using the distance
along the surface normal. Next, the correspondence vectors
are averaged across the training set to create an average cor-
respondence vector. This is then mapped back to a surface
and is used as the initial reference face for the next iteration.
The process is then repeated until the convergence criteria
was met.

3.1.2 Alignment

We align the reference face and the input face in a two stage
process:

1. Inmitial alignment: The input face is first translated and
rotated such that it “faces” the —y direction and has the
tip of the nose located at the origin (0,0,0).

2. Fine alignment: The initial alignment is used as an
initialization for the iterative closest point algorithm
(ICP) [6]]. It is a gradient-based iterative method that
minimizes the overall distance between the two face
surfaces.
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Figure 2: Schematic illustration of a CV with six elements.

3.1.3 Calculating CVs

The reference face and input faces are surfaces defined by a
set of spatial coordinates (vertices) and a connectivity map
describing how those points are connected to form the sur-
face. It is important to note that there is no common sam-
pling grid between any two faces that would allow a simple
difference to be taken between the two surfaces to obtain a
signature. Instead a “correspondence” is found between the
two surfaces that is analogous to a pointwise distance given
a common sampling grid. Figure[Z]illustrates the correspon-
dence problem. The blue line represents the reference sur-
face, and green dotted line represents the input surface. The
vertices of the reference surface are taken to be the sampling
grid and a normal search approach is used to determine the
correspondence of the input surface at that point. The set of

correspondences is called the correspondence vector. The
normal search method defines the correspondence at a spe-
cific vertex v, of the reference surface to be the point of
intersection between the input surface and the reference sur-
face normal at v,. The set of correspondence points can be
ordered based on a predefined ordering of the reference ver-
tices and the resulting ordered set can be thought of as a
vector of correspondence points or a correspondence vec-
tor. Each correspondence point can be replaced with its dis-
tance from the corresponding reference vertex to reduce the
correspondence vector to 1-dimension without loss of infor-
mation. This is possible since the correspondence points for
all input images will always lie along the same set of normal
vectors defined by the reference surface.

Thresholding of CV : Even with a good alignment, a
CV will occasionally have a large “outlier” value. This typ-
ically happens when there is a hole in the input face mesh,
and is most common around nostrils. Very large values
in CV can significantly impact statistical studies, such as
GWAS. Outliers are removed by applying a hard threshold
to CV. The threshold prevents large values from skewing the
statistical analysis and is completely automated.

PCA of CV: To more efficiently compare faces, it is
common to use statistical methods such as PCA to reduce
the dimensionality of the data. Approaches such as PCA
create a set of basis vectors. The idea is that any face can
be represented as a weighted linear combination of basis
vectors. In the specific case of PCA, these basis vectors
are also called principal components (PC). The linearity is
important, as it allows a face to be reconstructed given the
basis vectors and a set of weights. It is these weights that
represent facial appearance (phenotype) and is used to find
genes correlated to facial morphology.

Applying PCA to the Tanzanian dataset results in a set
of PCs that together describe the full set of CVs. Since the
Tanzanian dataset contains 3555 images which is less than
the CV dimensionality of 7371, the number of PCs obtained
is 3555. Every CV can be perfectly reconstructed using a
weighted sum of the PC: y; =¥ @;;¢; = a;P. For exam-
ple, the CV of the 17th image in the dataset can be repre-
sented as Y7 = 0.53¢; —0.03¢2 +0.70¢3 4 - - - +-0.19¢355¢
where ¢, represents the ¢/ " PC. In general each CV can then
be fully represented by a vector o such that y; = o;P.

The PCs not only provide a way to represent each CV in
the training set, they can be used to represent CVs from any
face. Once the PCs have been created, any face can be rep-
resented by a vector &, and a 3D model of the face can be
reconstructed from the resulting CV. The accuracy of the re-
construction depends only upon how well the face is repre-
sented in the training data. We only consider the first 30 PCs
as it captures 90% of the variance in the dataset. Figure [3]
shows a graphical representation of the first twenty PCs
from the Tanzanian dataset. The elements of each PC are



color mapped with yellow indicating more positive values
and blue indicating more negative values. Since the origi-
nal CV can be interpreted as a set of distances from a stan-
dard reference face, the PCs have an an intuitive meaning
in the sense that each element indicates whether that point
lies in front of or behind the reference face. Regions where
the PC is positive (yellow) valued will tend to be in front of
the reference face whereas regions where the PC is negative
(blue) tend to be behind the reference face. Consider the
third PC shown in Figure[3] A CV that results from mul-
tiplying this PC with a positive value means that the nose
protrudes more than with an average face, and the cheeks
protrude less. Similarly a CV that results from multiply-
ing the twelfth component by a large positive value makes
a face with a broader nose.

Figure 3: Visualization of first 20 PC from the dataset.

3.2. Extracting Genetic Features

Humans are made up of trillions of cells. The nucleus
in each cell consists of 23 pairs of chromosomes; 22 au-
tosomal (non-sex chromosomes) pairs and the sex chro-
mosome pair, XX for female and XY for male. In each
pair, one chromosome is inherited from the mother and
other from the father; hence humans are diploid organisms.
Chromosomes are made of a deoxyribonucleic acid (DNA)
molecules and proteins. DNA is a double helix structure
and each helix is made up of a series of nucleotides as illus-
trated in Figure @ Each nucleotide is a complex molecule
comprised of a base, sugar, and phosphate group. When
discussing the DNA sequence we typically consider only
the base of each nucleotide. The four bases are adenine
(A), guanine (G), cytosine (C) and thymine (T). The bases
always appear in pairs between both strands of the helix;
A with T and C with G [8]. It is the order or sequence of
these nucleotides along a single helix that form the genetic

code which is referred to as the genome. Short sections
of the DNA are known as genes which are the fundamental
units of hereditary. Each gene is present at specific locations
(loci) on the chromosomes across the human population and
determine the characteristics of an individual. The Human
Genome Project [21] has identified approximately 25,000
genes in humans. Different versions of the same gene are
what makes a person unique. Since the chromosomes in
human cells appear in pairs, there exist two copies of the
same gene, one inherited from each parent and located at
the same location on each chromosome pair. However, the
two gene copies may differ.

Although the human genome consists of approximately
6.5 billion base pairs, only a relatively small subset of these
(<1%, or approximately 10 million) exhibit variation be-
tween individual humans. These points in the genome
where variations occur among the population are referred
to as Single Nucleotide Polymorphisms (SNPs) [24] 1], and
the different variants of the SNP are called alleles. SNPs
are typically identified by their position within the genome,
including which specific gene, if any, they are part of. A
process called genotyping is used to measure SNPs from a
DNA sample such as saliva or blood [13].

Figure [3] illustrates SNPs as they would differ among a
population. In the figure, variations at the nucleotide level
in the DNA sequence between three subjects are observed
at two different locations. SNP; is said to have two alle-
les A and T, implying that within a population there are two
commonly occurring bases (A and T) at that particular loca-
tion, with A occurring in majority of the population (major
allele) and T appearing in the remaining population (minor
allele). Similarly, SNP is said to have two alleles G (major
allele) and A (minor allele).

4. Dataset

In this study, we use features extracted from 3D face
scans to represent the phenotype data and the genotype data
is expressed in the form of variations of SNPs at known lo-
cations. The dataset was obtained from the FaceBase repos-
itory [2]] at the National Institute of Dental and Craniofacial
Research (NIDCR) [4]]. The dataset was collected over a
three year period in the Mwanza region of Tanzania un-
der the NIDCR FaceBase initiative. The dataset consists
of 3,623 unique subjects from Tanzania. Only 3,557 sub-
jects have both genotype and phenotype data available. Fig-
ure [6] shows the age distribution of subjects in the dataset.
Approximately 55.5% of subjects were female and 44.5%
were male. The age range of the subjects varied between
3 to 21 and followed an approximately normal distribu-
tion with an average age of 10.7. The ethnicity of the
subjects is presented in Table [T]. We only consider sub-
jects of Bantu-Bantu ethnicity in this study as a homoge-
neous (mono-ethnic) dataset is more likely to show consis-
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tent genotype/phenotype associations.

4.1. Phenotype Data: 3D Face Scans

The dataset consists of 3,623 3D face scans captured
using the Creaform MegaCapturor (MC) camera three-
dimensional (3D) photogrammetry imaging system. Each
face is oriented such that it is facing in the —y direction
with the origin of the coordinate system located in front of
the facial plane. Additional phenotype data provided for
each subject include age, sex, height, weight and ethnicity
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Figure 6: Age distribution of subjects in the dataset.

Mom-Dad Ethnicity | Number of Subjects
Bantu-Bantu 3524

Bantu-Nilotes 15
Nilotes-Bantu 1
Bantu-Cushitic 1
Cushitic-Cushitic 1
Bantu-Hamites 1
No_Data-Bantu 1
Bantu-No_Data 1

No_Data-No_Data 10

Table 1: Ethnicity distribution in the Dataset.

information.



Subject ID | SNP; | SNP, | SNP; | .. | SNPy
Subject 1 | QQ Qq QQ | .| Qq
Subject2 | Qq qq Qg | .| Q
Subject3 | qq QQ | 9Q | .| Qq
Subject4 | qQ qQ QQ | .| Qq
SubjectM | qq Qq QQ | .. ] Q

Table 2: Scheme used for representing measured SNPS.

4.2. Genotype Data

The available genotype data for each individual in the
FaceBase dataset is expressed in the form of SNPs ob-
tained by genotyping a DNA sample obtained from saliva
samples. FaceBase genotyping uses Illumina technology,
specifically a HumanOmni25Exome array, where 25 indi-
cates that measurements are attempted at 2.5 million loca-
tions in the genome. However, only 701,928 SNPs were
recorded with non-missing values in the dataset.

Measured SNPs for subjects in a dataset are expressed
in the format shown in table |2 Since humans are diploid
organisms and have two copies of the same genes located
at the same location on each chromosome pair, SNP values
are expressed in terms of allele pairs; QQ, Qq or qq; QQ
indicates that the major allele is present at a given SNP in
both chromosomes in the pair, Qq indicates that the major
allele is present in one chromosome and the minor allele in
the other, and qq indicates the presence of the minor allele
in both chromosomes.

5. GWAS Analysis and Results

A Genome Wide Association Study (GWAS) identifies
associations between a set of commonly occurring genetic
variants and some observable trait. The methods used to
identify these associations typically examine the variance
in the phenotype distribution for a given SNP. GWAS has
been most commonly applied to human disease, compar-
ing case and control groups. In our case we use GWAS to
find genomic associations with facial morphology, or more
specifically between a set of SNPs and the weightings of the
principal components (PCs) described in Section 3.1}

Consider the example of finding an association between
SNP; and the first principal component (PCj). To perform
the association testing the mean and variance are obtained
for the phenotype data associated within each allele group,
Qq, QQ, and qq, of the SNP. This is shown in fi gure Next,
statistical tests are used to obtain the associated p-values for
the distribution of the phenotype data across allele group for
the given SNP. A high p-value implies low association be-
tween the SNP and the phenotype meaning that the SNP
variants do not influence the phenotype expression. A low
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Figure 7: Quantitative trait analysis using GWAS

p-value implies a high association between the SNP and the
phenotype expression. An association with a p-value of less
than 5 x 10~ 8 is known as genome-wide significant by the
GWAS community and a p-value of less than 1.0 x 1075
is known as “suggestive of significance” [19]. We used
PLINK [20], an open source tool to perform the genome
wide association study.

«— SNPs in the region RAF1, a gene known to affect
craniofacial shape
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Figure 8: Manhattan plot of SNP significance in a GWAS
of African subjects.

GWAS associations were found between each principal
component and the 701928 SNPs recorded during genotyp-
ing. The analysis identified 30 SNPs with p-values below
5.0 x 1078 and 5628 SNPs with p-values below 1.0 x 1073
across all 30 principal components. This indicates that there
exists significant correlations between facial features and
genetic variations.

Most of the identified SNPs occur in clusters that are as-
sociated with individual genes or small groups of contigu-
ous genes. The most significant cluster of variations, with
p-values smaller than 1.0 x 10~°, is found on chromosome
3 in the region of RAF1, a gene known to affect craniofa-
cial shape, as shown in Figure [§] In the first 30 principal
components, there are approximately 70 other clusters with
significance that extends well into the “suggestive of signif-
icance” range, with p-values smaller than 5.0 x 10~7. Most
of these clusters are in the regions of genes not previously
known to be associated with facial morphology. Many of
these genes produce protein kinases or protein phosphates,



which are enzymes that add or remove phosphate groups
from other proteins and thereby modify their function. They
are the enzymes that regulate the majority of cellular path-
ways. We hypothesize that since the “energy” of a PC is typ-
ically spread across the face rather than localized to a par-
ticular region we are discovering genes that regulate other
genes which affect facial shape. This is an encouraging re-
sult suggesting an approach to discovering components and
interactions of the gene regulatory networks (GRNs) that
affect facial shape.

5.1. Predicting Facial Structure from DNA: Prelim-
inary Results
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Figure 9: Mean 5-fold cross validation results for the top 5
principal components.

The primary goal of this paper was to demonstrate the
existence of genetic/facial correlations which was shown in
the previous section. Identifying appropriate correlates is
critical to being able to extend these results to prediction
of facial features (principal component scores) solely from
genomic information.

A preliminary attempt at facial prediction is performed
using the set of SNPs identified in the previous section. The
problem is formulated as a regression problem to predict the
principal component scores given a set of SNP variants.

We use support vector regressors (SVRs) [S] to pre-
dict the principal component scores (phenotype data) from
the most significant SNPs (genotype data). The LIBSVM
software package [10] is used with a radial basis function
(Gaussian) kernel for all our SVR experiments. As with
SVMs, the optimal C and y parameters were found with a
grid search in a nested 5-fold cross-validation framework.
In order to allow comparisons between principal compo-
nents, results are shown in terms of normalized absolute
error where the average absolute error is divided by the
standard deviation of the principal component values in the
dataset. Results for the first 5 principal components are
shown in Figure[9] The scatter plots of actual vs. predicted

values for each cross validation PC is shown in figure [I0]
From the results we infer that the trained models tended to
predict the average value for each principal component.
Although the regressor in this case was unable to gen-
erate a strong predictive model, we have identified several
limiting factors that can be addressed in future studies:

1. Age variation: The age variability in the dataset is a
significant source of noise. Older children tend to have
larger faces than younger children and this size differ-
ence can cause the PCs to spend significant energy cap-
turing size over other spatial features. Using a more
homogeneous dataset can remove some of this unde-
sired variability in the PCs.

2. Limited data: Genomic problem in general are ex-
tremely complex, however the addition of high-
dimensionality phenotype data adds an additional layer
of complexity when performing GWAS compared to
more typical binary disease/non-disease type studies.
Machine learning algorithms perform best when the
number of data samples greatly exceeds the dimen-
sionality of the data. Non-traditional GWAS methods
may need to be developed to deal with this problem in
an appropriate manner.

3. Genomic complexity: The complexity of the human
genome is well understood. A system that completely
predicts facial structure will most likely need to incor-
porate a large amount of genetic data beyond just a
small number of SNPs. This kind of analysis will re-
quire significant computational resources and methods
for reducing the computational complexity of the algo-
rithms involved.

4. Regulatory genes: One of the disadvantages of tradi-
tional GWAS is that only 1-to-1 relationships between
genotype and phenotype are considered. Any poten-
tial correlation between SNPs themselves are ignored.
Genes, however, do not act in isolation. Some genes,
such as regulatory genes, are not directly expressed,
but instead modify the level of expression of other
genes. Traditional GWAS methods do not search for
or find these relationships. One way to find appropri-
ate correlations with both kinds of SNPs is to modify
GWAS to operate on multiple SNPs simultaneously.

5. Incomplete and categorical data: One way in which
genetic data differs from the input to most traditional
machine learning algorithms is that it is essentially cat-
egorical: each SNP will either be QQ, Qq, or qq. In ad-
dition, not every SNP is genotyped for every subject,
so there is also a “missing” category. Many machine
learning algorithms, such as SVMs and SVRs, work
best when the input has continuous values and is never
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Figure 10: Scatter plot of actual vs predicted value for principal component 1.

missing, but other algorithms, such as decision-based
learners, can work well with categorical data.

6. Conclusion

In this work we have shown the existence of genetic
markers, SNPs, that exhibit high correlation with facial
structure. Unlike previous studies that have attempted to
find correlations between SNPs and individual facial fea-
tures such as nose length or eye separation, we have de-
veloped a spatial feature set using PCA to encode full-face
variations under the assumption that the mapping from ge-
netic variations to individual facial structures is not a 1-to-1
mapping as evidenced in [15]. We believe further evidence
of this is given by the GWAS results obtained in this paper
which identify a large number of regulatory genes as having
significant correlation with facial structure. By their nature,
regulatory genes affect many other genes that together af-
fect the expressed facial structure.

The preliminary attempt to reconstruct a face given the
genetic data, although not successful at this stage, pro-
vided additional insight into the underlying challenges as
described in Section[5.1] Several of these challenges can be
addressed to some degree by data pruning together with op-
eration on a significantly larger data set. The majority of the
challenges however have to do with the available statistical
and machine learning methods and their limitations in terms
of dealing with high dimensionality data, mix of categori-
cal and continuous features, and most importantly compu-
tational feasibility. Recent work in areas such as genomic
compression [22 [11]] may provide insights into appropriate
algorithm development to address the computational chal-
lenges.
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